This paper presents a two layered control architecture -Superior hand control (SHC) followed by Local hand control (LHC) for an extreme upper limb prosthesis. The control architecture is for executing grasping operations involved in 70% of daily living activities. Forearm electromyogram actuated SHC is for recognition of user' s intended grasp. LHC control the fingers to be actuated for the recognized grasp. The finger actuation is controlled through a proportionalintegral-derivative controller customized with fingertip force sensor. LHC controls joint angles and velocities of the fingers in the prosthetic hand. Fingers in the prosthetic hand emulate the dynamic constraints of human hand fingers. The joint angle trajectories and velocity profiles of the prosthetic hand finger are in close approximation to those of the human finger.
Introduction
The driving issue for realization of multifingered hands is to mimic human hand capabilities. Although commercial versions of prosthetic hands have appeared in the market, there still exists a gap between the current state of art and prostheses that have the ideal combination of being highly functional with high controllability. We believe that in order to traverse the gap, a better performance in terms of anthropomorphic functionality and controllability for the prostheses must be achieved.
With an attempt to mimic human hand functionality, a number of prosthetic hands with anthropomorphic characteristics have been developed. A five fingered robot hand called the Belgrade/USC Hand was developed in 1990 [3] . Its grasping principle is based on a control strategy in which after a finger makes contact with the object to be grasped, the other fingers flex until pressure experienced by all the fingers are approximately equal. The Utah/MIT Dexterous Hand is a quasi-anthropomorphic hand with three fingers and one thumb [17] . Designed by the Robotic Systems Technology Branch at the NASA Johnson Space Center, the hand has a total of 14 Degrees of Freedom (DoF) (with two DoF wrist) reproducing the size, kinematics and strength for a space suited astronaut hand. The Blackfingers Hand has five fingers [14] . Each finger with four DoF is moved by the combined action of six tendons actuated by McKibben pneumatic actuators. The CyberHand, a three fingered cybernetic hand with nine DoF for perception and action has been developed in the Advanced Robotics Systems and Technology Laboratory, Italy [6] . However, the control methodology of most of these hands is far from being natural to feel as if it is a part of the amputee' s body.
Electromyogram (EMG) signals have often been used as control interfaces for robotic devices including prosthesis. Even though a number of classification and pattern recognition techniques of EMG signals for * E-mail: nkakoty@tezu.ernet.in hand gestures and robotic control [12] has been reported; not much has been done for grasp classification. Ferguson and Dunlop [13] were among the first to report grasp types classification based on EMG with an average recognition rate of 75-80%. Castellini et al. [7] has shown the classification of two grasp types based on seven channel EMG signals with an average recognition rate of 97%. EMG based control is still rudimentary; being limited to a few hand postures. Further, control is non-intuitive, in the sense that the user is required to learn to associate muscle remnants actions to unrelated postures of the prosthesis. However, see [11] for encouraging results for development of non-invasive EMG based interfaces for control of extreme upper limb prosthesis. iLimb Hand from Touch Bionics [1] and Sensor hand from Otto Bock [2] are the best known commercially available hand prosthesis. The sensor hand from Otto Bock is a classical one DoF claw. The i-Limb hand has no sensory control for grip strength and offers no fine control over single fingers or over the required amount of force [9] . Therefore, a control architecture replicating the human hand control so that user can use as if it were a natural part of the body holds promise. We focus on the development of a control architecture with kinematic characteristics in close approximation to the human hand discriminating the natural grasping operations.
In this paper, a two layered control architecture for a five fingered extreme upper limb prosthesis is presented. The prosthetic hand executes six different grasping operations viz. oblique, hook, palm-up, pinch, power and precision emulating the dynamic constraints of human hand fingers. These are involved during 70% of Daily Living Activities (DLA) [29] . A superior hand control (SHC) actuated through the EMG signals for recognition of user' s intended grasp is proposed. Classification of grasp type in SHC is through Radial Basis Function (RBF) Support Vector Machine (SVM) using Principal Component Analysis (PCA) of time/ frequency domain EMG features. Recognition rate as high 97.5% has been reported using such feature set and classifier [20] . SHC in conjunction with a local hand control (LHC) controls the prosthetic hand. LHC has been implemented to actuate the fingers corresponding to the grasp type recognized by the SHC. LHC controls the joint angles and velocities of all the fingers in coordination. The LHC drives the prosthetic hand to emulate the grasp attempted by the user through a proportional integral derivative (PID) controller using fingertip force sensors. The finger joint angle trajectories and velocity profiles of the finger in the prosthetic hand are in line with those of human hand finger. The remainder of the paper is organized as follows. Section 2 describes the prosthetic hand prototype. The kinematics and dynamics of the prototype are in section 3. Section 4 describes the two layered control architecture. Section 5 describes the performance characteristics and evaluation of SHC and LHC. The concluding remarks are in section 6.
Prosthetic Hand Prototype
A prosthetic hand prototype: Prototype 1.0 as shown in Figure 1 has been developed inspired by the human hand anatomy. See Figure 3 and 5 in section 4 for schematic diagram illustrating the main components of the control architecture. Prototype 1.0 consists of five digits: four fingers and one thumb. Each finger consists of three links replicating the distal, middle and proximal phalanx. The links are connected through revolute joints corresponding to distal interphalangeal (DIP) joint, proximal interphalangeal (PIP) joint and metacarpophalangeal (MCP) joint of human hand. Thumb consist of two links. Mechanical constraints has been provided at each link to prevent the backward movement of the succeeding link. Nylon is selected for the skeletal structure as it is stable, undeformable, with low friction and low specific gravity. The prototype joint range motion and physical dimensions closely resembles the human finger as discussed in [19] . The palm is two piece and can move inward and outward to form grasp modes. The palm accommodates the actuators and tendons. The actuation is through direct current (DC) geared motors with specifications as in Table 1 . Each finger is actuated with two motors; one for flexion and another for extension. The little and ring fingers are actuated through common motors. The prehension of the palm is obtained through one single motor. The wrist of the prototype is actuated though three DC motors placed in mutually perpendicular axes to produce three DoF. N + 1 tendon system is used as media to transmit forces from actuators 
Kinematics and Dynamics

Kinematics
For the forward kinematics of the schematic representation of Prototype 1.0 in Figure 2 , refer to Appendix-I. Table 5 , the fingertip posex with respect to the base frame can be computed as:
where G(θ) is the geometric model defined by the trigonometric equations for the end point position {x, y} T and orientation {α} of the last link as a function ofθ and link lengths of the fingerL. C 1 , C 12 and C 123 denotes cos(θ 1 ), cos(θ 1 + θ 2 ) and cos(θ 1 + θ 2 + θ 3 ) and S 1 , S 12 and S 123 denotes sin(θ 1 ), sin(θ 1 + θ 2 ) and sin(θ 1 + θ 2 + θ 3 ) respectively.
Tendon Actuation
Flexion and extension of the fingers is performed by pulling and releasing the flexor and extensor tendons. The finger joint angles depends on the tendon length pulled l m and released l m ′ by the motors. Tendon length while the finger is maximally extended is
When the finger is flexed, the flexor tendon is pulled by the motor. Let l x be the resulting flexor tendon length and θ 1 , θ 2 , θ 3 be the joint angles respectively. Change in flexor tendon length l m is the difference of l o and l x .
Both anatomical and empirical studies show a linear inter-joint angular relationships in human finger exrpessed as dynamic constraints [21] and results in a natural curling motion of the fingers. The dynamic constraints of human hand finger is represented using the following
In order to replicate the natural motion of human finger into the prototype, we considered the dynamic constraints of human fingers for computation of the length of the tendon. Substituting the above constraints i.e, equations (3) and (4) into equation (2), we have the following relation between θ 1 and l m .
In a similar way, the length of the extensor tendon released by the motor is given as:
Since, l m is the length of the tendon pulled by the motor; l m can be computed using equation 7 given diameter of the pulley connected to the motor, d; time of rotation of the motor, δt and revolution per minute of the motor, N.
The values of d and N are known a priori as in Table 1 . δt is computed from force sensory feedback. The start time is achieved from initiation of the actuating signal to the motor and the time of contact is on receiving a feedback signal from fingertip sensor.
Dynamics
The joint torques exactly balances finger tip force in static equilibrium situations. The Jacobian transpose maps finger tip forces into equivalent joint torques [26] . The rotational kinetic input to the end effector is net of three torques (τ = {τ 1 , τ 2 , τ 3 } T ) at MCP, PIP and DIP joints respectively to produce the output wrench vector (W = {f x , f y , τ z } T ). The transformation from joint torques τ which balances the wrench vectorW is given as:
where J(θ) is the Jacobian matrix relating the joint space to the finger tip space. It is partial derivatives of the geometric model of the link chain given by equation 1 with respect toθ. Next, we wish to describe how forces applied at the end of the tendons are related to the torque applied at the joints. Figure 2 illustrates the flexor (h 1 ) and extensor (h 2 ) tendons routing the finger joints. Following [26] , the extension function for the flexor and extensor tendons are given as:
The coupling function relating the tendon force and the joint torques is computed as:
Now the joint torque in terms of tendon force is given as:
where F 1 and F 2 are the forces on the flexor and extensor tendons respectively.
Considering the motor torque for flexion of the finger as T 1 and r as the radius of the pulley connected to the motor, we have
For a serial manipulator with pivoted joints τ z = 0. Following [15] , we measured the force in the direction of the object to be grasped i.e. f x using the sensors placed at the fingertip and f y = 0 assumed.
Considering these, the joint torque is expressed as
From equation 12 and 14, we have f x , desired fingertip force as follows:
Two Layered Control Architecture
The proposed control architecture is two layered: SHC and LHC. The SHC provides the information about the grasp types to be performed by the prosthetic hand based on EMG signals acquired through surface electrodes. The LHC is the interface between the SHC and the prosthetic hand. LHC identifies the fingers to be actuated for performing recognized grasp. The finger actuation is controlled through a PID controller customized with fingertip force sensor.
Superior Hand Control
The schematic of SHC is shown in Figure 3 . SHC is responsible for selecting the grasps intended by the user. Positions and orientation of the fingers vis-a-vis the object to be grasped is expected to be achieved by the subject wearing the prosthesis. Grasp required is supposed to be known by the subject apriori and recognized based on the generated EMG signals. Grasp Recognition Architecture Figure 4 shows the grasp recognition architecture in SHC. The architecture comprises of four fundamental units: EMG Unit, Normalization Unit, Feature Extraction Unit followed by the Classifier Unit. The EMG unit comprises of the amplifier, band pass and notch filter. For experimental protocol, EMG acquisition and Normalization, please refer to our earlier paper [20] . Table 2 illustrates the placement of electrodes on the forearm muscles. This follows the electrode placement discussed in [12] . EMG signals were recorded for a period of 250 msec. This is to meet the real time constraint that response time of myoelectric control system should be less than 300 msec [27] . The raw EMG signals extracted from the subjects required processing for accurate recording, display and analysis. The EMG signal obtained after filtration and amplification is called integrated electromyogram (IEMG) signal. Even though the term integrated EMG refers to amplified and filtered signal including rectification; it is used here to refer to the preprocessed EMG WT can be classified as continuous wavelet transform (CWT) and discrete wavelet transform (DWT). In CWT, the signal to be analyzed is passed through filters with different cutoff frequencies at different levels. At each decomposition level, the half band filters produce signals spanning only half the frequency band. This doubles the frequency resolution as the uncertainty in frequency is reduced by half. With this approach, the time resolution becomes arbitrarily good at high frequencies, while the frequency resolution becomes arbitrarily good at low frequencies [24] . DWT decomposes a signal into an approximation signal and detail signal. The detail coefficients D j and the approximation coefficients A j at level j can be obtained by filtering the signal with an L-sample high pass filter g, and an L-sample low pass filter h. Both approximation and detail signals are down sampled by a factor of two. This can be expressed as follows:
where H and G represent the convolution/ down sampling operators.
Sequences g[n] and h[n] are associated with wavelet function ψ(t) and the scaling function ϕ(t) through inner products:
Following Phinyomark [27] , we consider five basic wavelet functions: Symlet 4, Coiflet 2, Daubechies, Biorthogonal and Harr. The dominant energy of EMG signals is concentrated in the range of 10-150 Hz [27] . In order to extract the most important features, we used third level of DWT decomposition approximate coefficients for feature extraction [23] . The approximate coefficients contain the most important information of the signal [23] and is therefore used for deriving the feature set. Energy, zero crossings, turning points, mean absolute value, RMS value, variance, sum of DWT approximate coefficients constitute the feature set. With the wavelet mother function as rows and above features as columns, we construct the feature matrix. The feature set of seven features obtained for two channel EMG signals; over 5 discrete wavelet functions constitute the feature matrix of size (5 × 14).
Feature projection methods such as PCA identifies the best subset of features combining original features into a smaller feature set. In order to obtain the most informative and distinguishing low dimensional feature vector, PCA is applied on the feature matrix. The covariance matrix is of size (5×5) whose eigen vectors are principal components (PC) and respective eigen values are PC weights. The PCs are ordered in descending order according to their weights and first three PCs are chosen for further experiment. Now multiplying the PCs matrix by original feature matrix, a new (3×14) dataset is obtained whose values are uncorrelated. This PCA of DWT based EMG features constitute the derived feature vector.
Grasp Recognition
Previous researches have reported number of approaches based on Artificial Neural Networks, Fuzzy Logic, Gaussian Mixture Model and Hidden Murkov Model for EMG signal pattern classification [10, 30] . SVM based EMG classification accuracy has outperforms the other methods. In line with this, our grasp recognition is through SVM. In terms of selecting a kernel function to use with the SVM, there is no method that can determine what kernel function should be used for a particular application. According to [16] , the RBF kernel should be the first choice. RBF kernel used as the kernel function in our method is:
where γ is the kernel parameter, x i and x j are support vectors. The values of regularization constant c and kernel parameter γ are found through grid search. Grid search involves the setting up of grids of variables c and γ [16] . The grid search is used with 10 search intervals for γ and 11 search intervals for c and hence the classifier evaluates a total of 10 × 11 = 110 grid points. We consider the grid search of c, γ, with log 2 c = -5, -4, -3, ..., 5 and log 2 γ = 2, 2.2, 2.4, ..., 3.8.
With a data set obtained from 20 subjects, the grid points leading to highest recognition rate is chosen through 5-fold cross validation. The grid search produces a set of c and γ values with highest recognition rate. The lowest value of γ and corresponding c value is chosen from the set in order to avoid overfitting of the classifier. The classification performance of the SVM classifier was cross validated through 10-fold cross validation using data set of 80 subjects. A value of c= 2 −1 and γ=2 2.2 is chosen through grid search for classification.
Local Hand Control
The LHC is responsible for controlling the finger joint angles, velocities and recreates as closely as possible the human grasp following the dynamic constraints. Figure 5 shows the schematic representation of the LHC. The detailed LHC is shown in Figure 6 . Following neuromuscular time constraint [18] , LHC commands the prosthesis to form attempted grasp in an approximate period of 250 millisecond (ms). The LHC is not equipped with any form of feedback before contact. One of the main concern is to have the kinematic characteristics of the control architectue as human hand. On establishing contact by fingertip with the object to be grasped, the extensor motor is stalled. The flexor motor torque is controlled to prevent the fingertip force (f x ) from exceeding the desired force. From the force sensor, the actual force is measured. The difference between the measured force and desired force is the error to minimize. A typical PID controller is used to reduce the error. The controller paramets have been selected through manual tuning using proportional gain K P to decrease the rise time, differential gain K D to reduce the overshoot and settling time and integral gain K I to eliminate the steady-state error. The process is followed in line with [31] . The LHC prevents the fingertip force from exceeding a critical value with the joints at a pose for the grasp attempted.
Performance Characteristics and Evaluation
The SHC identifies the grasp type attempted by the user based on EMG signals and command the LHC to actuate the corresponding fingers. The classification and misclassification of the grasp types based on the PCA of time/ frequency domain features are shown in the confusion matrix in Figure 7 . From Figure 7 , it is found that the PCA of time/ frequency domain features gives an average misclassification rate of 2.5%; 1.25% hook is misclassified as oblique, 2.5% oblique is misclassified as hook, 2.5% palm-up is misclassified as oblique, 3.5% power is misclassified as hook, 1.25% pinch is misclassified as precision, 3.75% precision is misclassified as pinch. The average recognition rate for six grasp types with PCA of time/ frequency domain features is 97.5%. For further details on recognition of grasp types, see Kakoty and Hazarika [20] . The comparison of grasp types recognition rates as in Table 3 shows that the results of the proposed architecture is better in terms of a. recognition rate b. number of EMG channels used and c. number of grasp types recognized with respect to the state of the art. [13] Four Four 75-80% Martelloni et al. [25] Three Eight 84-93% Castellini et el. [8] Three Ten 90% Castellini et al. [7] Two Seven 97% Results of proposed SHC Six Two 97.5%
The LHC emulates the grasps type in the prototype following the dy- namic constraints of human hand finger through a PID controller. We have used RoboAnalyzer V.4 for kinematic and dynamic analysis of the prosthetic hand. We report analysis for the hand performing a pinch grasp. The pinch grasp is used for grasping small object like pen, pencil etc. Preshaping of the grasp is performed by flexing the index finger and thumb in opposition. For our experiment, the index finger and the thumb moves towards each other from a tip to tip distance of 175
• . The object to be grasped is hold between the index finger and the thumb. The other fingers remain fully extended during execution of the grasp. Figure 8 shows the index and thumb end position during pinch grasp. On establishing contact with the object to be grasped at around 80 -100 mSec, the finger end positions are retained. Figure 9 (b). The joints move satisfying the dynamic constraints of human finger joint angles [21] . The finger joint trajectories of human hand as reported in [22] is shown in Figure 9 (c). As can be seen, the joint trajectories of the Prototype 1.0 are in close approximation to human finger joint trajectories. Following Smith [28] , the critical value of fingertip contact force for a stable grasp is determined to be 3 Newton. Figure 11 shows the desired and actual fingertip contact force for Prototype 1.0 while performing a pinch grasp for 1 sec. After establishing the contact by the fingertip with the object to be grasped, critical fingertip force is stabilized through the PID controller. It prevents the fingertip force from exceeding a critical value with an steady state error of 0.1 N. Table 4 shows kinematic characteristics comparison of Prototype 1.0 with Manus Hand, DLR Hand II, i-Limb and Bebionic Hand. It has been seen that the grasp force of Prototype 1.0 is comparable to those of the prosthetic hands. The range of motion and dynamic constraints of Prototype 1.0 are closer to that Human Hand [19] as compared to others. Prototype 1.0 can perform six grasp types as compared to four or five grasp types by the prosthetic hands as shown in Figure 12 . The grasping ability of the hand following the user' s intended grasp confer a definite advantage.
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Conclusion
A method for EMG based control of an extreme upper limb prosthesis has been reported. The prosthetic hand executes six grasping operations involved during 70% of DLA. Control is two layered: a SHC recognizes grasp type attempted by the user based on EMG signals; a LHC is implemented to control the finger joint angle and velocity in the prosthesis for the grasp attempted. The prosthetic hand emulates the dynamic constraints of the human hand. The finger joint angle trajectories and 
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Appendix-I
The Denavit-Hartenberg parameters describing finger kinematics are illustrated in Table 5 ; where θ i is the joint angle from X i−1 axis to X i axis about Z i−1 axis, d 1 is the distance from the origin of (i − 1) th coordinate frame to the intersection of Z i−1 axis with X i−1 axis along Z i−1 axis, a i is the offset distance from intersection of Z i−1 axis with X i axis and α i is the offset angle from Z i−1 axis to Z i axis about the X i axis with i = 1, 2, 3. 
